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NON-TECHNICAL SUMMARY 
Equality of opportunity is central to many conceptions of a just society, and a perennial touchstone 
in public policy debates.  An important dimension of equality of opportunity is intergenerational 
mobility – the extent to which economic outcomes persist from one generation to the next.  Despite 
this, the evidence on the degree of intergenerational mobility in Australia to date has been limited 
in its precision and scope by the data available.  
This paper helps fill this gap, presenting the first national and regional estimates of standard measures 
of intergenerational mobility using administrative data. Australia emerges as among the most mobile 
countries in the world.  For example, we estimate a rank-rank correlation of 0.215, implying that a 
child with parents 10 percentile rank points higher in the income distribution on average ended up a 
little over 2 percentile rank points higher themselves.  In the United States the rank-rank correlation 
is likely 0.4 or higher.  
These average experiences mask significant movements across the income spectrum.  For example, 
of those children born into the bottom 20 per cent of the parent income distribution some 31 per cent 
remain there, while 12 per cent end up in the top 20 per cent.  Thus, while poverty is more likely to 
persist than be replaced by relative riches, neither outcome is rare in the Australian setting.  
Finally, we estimate intergenerational mobility across Australian regions.  Australian regions are more 
alike than those in the United States – but meaningful differences nonetheless emerge both within 
the country and within individual cities such as Sydney and Melbourne.  Perhaps most notably over 
the period studied, the mining boom appears to have lifted the expected income ranks for children 
born in resource-rich regions, but to have done so relatively consistently across the income spectrum. 
These regions thus appear more mobile when looking at the absolute outcomes of children born into 
poorer families, but not when looking at the outcomes of those children relative to those born into 
richer families in the same region.  This highlights the conceptual differences between different 
measures of intergenerational mobility. 
Examining finely grained measures of mobility in Australia has the potential to tell us much about the 
diverse experiences of intergenerational mobility and the potential mechanisms that underlie it.  This 
paper provides a step in that direction, providing more precise national estimates of intergenerational 
mobility, and describing some of the detail lost in such national averages.   
This paper examines a cohort born between 1978-82, for whom we can examine later life outcomes. 
Other countries have seen mobility change with economic, societal and policy circumstances, and it 
is not yet clear what these measures of mobility will look like for children of the 1990s, 2000s and 
beyond. 
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ABSTRACT 
We produce the first estimates of intergenerational mobility in Australia using tax data 
covering over a million individuals born between 1978 and 1982. We find that the 
intergenerational elasticity in total income is 0.185, and that the rank-rank slope is 0.215. 
These are among the lowest estimates for advanced economies. We show that there is 
both substantial upward mobility from the bottom of the income distribution and 
substantial downward mobility from the top. We also produce the first regional estimates 
of intergenerational mobility for Australia. While mobility is rapid throughout most of the 
country there is meaningful dispersion − with the mining boom in particular driving strong 
upward mobility over the period observed. 
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1 Introduction
In recent decades, as economic forces such as changes in technology and rising global-
ization has impacted economies throughout the world, policy makers are increasingly
concerned about both inequality and intergenerational mobility (OECD (2018)). Un-
derstanding the degree to which children have the opportunity to succeed irrespective
of their parents’ economic circumstances is now a central question facing virtually all
advanced economies.
Thus far, however, there is only limited evidence on the degree of intergenera-
tional income mobility for Australia. Most existing studies lack data on income for
long periods in both generations and researchers have imputed parental income using
methods that have often required strong assumptions.1 There is also no evidence
on geographic differences in intergenerational mobility within the country. National
estimates for Australia are interesting in their own right and, when compared with
other countries, may also shed light on the value of certain institutional features of
the country and how these features may enhance or impede mobility. Regional dif-
ferences within Australia may also provide insights as to how differences in industry
composition, economic growth or other unique aspects of different regions may matter
for mobility. For example, Bu¨tikofer et al. (2018) highlight the importance of resource
booms in Norway in promoting intergenerational mobility.
A key obstacle to producing definitive mobility estimates for Australia has been
the lack of large-scale nationally representative administrative panel data linking par-
ents and children. Population-wide data would enable researchers to produce more
precise national estimates as well as estimates for smaller geographic regions. Ad-
ministrative data with long enough panels also holds promise for more effectively
addressing the variety of measurement challenges that is endemic to the intergener-
ational mobility literature (e.g. Solon (1992); Mazumder (2005); Haider and Solon
(2006)).
We address these challenges by producing the first estimates of intergenerational
mobility based on Australian tax data. We find that intergenerational persistence in
1Studies to date include Leigh (2007); Mendolia and Siminski (2016); Murray et al. (2018). The
last of these provides the first estimates of intergenerational income mobility for Australia where
both parent and child incomes are observed directly. The earlier studies imputed parental income
based on parental occupation. A recent study using administrative data is Cobb-Clark et al. (2017),
though the focus here is on intergenerational welfare dependency rather than income mobility per
se.
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income is quite low and that intergenerational mobility is consequently quite high.
We estimate the intergenerational elasticity (IGE) for Australia to be 0.185 and the
rank-rank slope to be 0.215. By way of contrast estimates for the United States put
the IGE at 0.5 or higher and the rank-rank slope at 0.4 or higher (Mazumder (2016)).
Our estimates for Australia are comparable to Nordic countries such as Denmark
and Norway where estimates of these parameters are typically around 0.2 or lower.
These findings suggest that Australia is among the most intergenerationally mobile
countries in the world.
We also use other rank-based measures of intergenerational mobility that provide
measures of directional mobility. We find that the expected rank of individuals whose
parents were at the 25th percentile is the 45th percentile. Those who started at the
75th percentile could expect to land at the 56th percentile.2 This suggests that there
is substantial upward and downward mobility. In the United States there are only
about 53 cities out of 381 that have higher rates of upward mobility than Australia
taken as a whole.
Our qualitative results do not change when adjusting for potential sources of
bias, including nonlinearities in intergenerational relationships, missing or incorrect
parent-child links, missing income observations and measurement of income over too
short a period or too early or late in life. Consistent with recent research abroad and
in Australia, rank-based measures appear less sensitive to many of these concerns
(Nybom and Stuhler (2017); Mazumder (2016); Murray et al. (2018)). Our most
conservative estimates lift our estimated IGE to 0.210 (from 0.185) and our rank-
rank correlation to 0.232 (from 0.215).
Finally, we estimate standard measures of intergenerational mobility across Aus-
tralian regions. While there is significantly less dispersion in mobility across Aus-
tralian regions relative to the United States, meaningful differences nonetheless emerge
— both within the country and within individual cities such as Sydney and Mel-
bourne. Perhaps most notable is the influence of the resources boom, which lifted the
expected rank outcomes of children born in resource-rich regions. Although upward
mobility was higher in the mining regions the degree of rank persistence (slope) was
no lower than that experienced by other regions.
2If there were “perfect” mobility such that everyone’s rank was randomly distributed, then the
expected rank would be at the 50th percentile.
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2 Data
We use a new intergenerational dataset drawn from Australian federal income tax
returns from 1991 to 2015. The Australian Taxation Office (ATO) has produced
the data as an extension of its existing research files, the ATO Longitudinal Income
Files.3 Family links primarily come from linking children to adults living at the same
address when the child registers for a Tax File Number (TFN): a unique personal
identifier issued by the federal government. The algorithm for linking is also informed
by a subset of families in which children are directly claimed as dependents on tax
returns.4
The universe for our baseline sample includes 1.1 million individuals born in Aus-
tralia between 1 July 1978 and 30 June 1982 who registered for a TFN and remained
resident in Australia through 2015. Of these 90% are linked to parents. This is com-
parable to the matching rate attained by Chetty et al. (2014) for their core sample of
children born in the United States from 1980-82. Our baseline sample closely mirrors
population benchmarks for family structure, median parental age at birth and family
size (Table 1). Compared to the population, our sample contains a slightly higher
share of two parent families and a slightly lower share of families headed by single
mothers. Our sample is also slightly skewed towards smaller families.
Our primary measure of income is individual total pretax income. This is the most
commonly used income measure across Australian Bureau of Statistics household
surveys and is commonly used in the literature (e.g. Chetty et al. (2014)). In years
where an individual has filed a tax return, this is their reported total income or loss.
In years where an individual has not filed a tax return, it is the sum of individual
salary and wages reported by employers, and taxable allowances, benefits and pensions
reported by government welfare agencies, where available. Those who have no return
or 3rd party information are recorded as having zero total pretax income. This income
measure includes labor and capital income, and taxable government payments such
as unemployment and study benefits. It is prior to any tax deductions or offsets.
Income variables are measured in 2015 dollars, adjusted for inflation using the headline
consumer price index published by the Australian Bureau of Statistics (Australian
Bureau of Statistics (2017b)). Below, we also discuss how different income measures
3For further information on these files, see https://alife-research.app/.
4Precise details on the linking procedure and other features of the data can be found in Deutscher
(2018).
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Table 1: Family characteristics in sample and population
Full sample Population
Birth cohort 1978-1982 Various
Family structure (%)
Couple 84 81
Lone mother 11 15
Lone father 5 4
Median parental age at birth (years)
Mother 27 26
Father 29 29
Family size(%)
1 13 8
2 38 38
3 30 34
4 13 15
5 4 4
6 2 1
7 or more 1 1
Mean family size 2.7 2.8
Number of children 1,136,900 1,100,000
Number of children linked to parents 1,025,800 NA
Number of families 792,900 835,800
Notes: Population estimates are based on: Family Characteristics Survey 1997, Australian Bureau of Statistics
(2017a) (family structure, 1973-82 birth cohorts); Births, Australian Bureau of Statistics (2010) (median parental age
at birth, 1978-82 birth cohorts); and the 1991 Census, Australian Bureau of Statistics (1991) (family size, 1978-82
birth cohorts).
relate to different concepts of mobility — for example, mobility in latent earnings
potential or consumption possibilities.
In our baseline analysis, we calculate parental household income as the average
of the combined annual income of the parent(s) over eleven years from 1991 to 2001.
This choice of years balances the benefits of comparability with international studies
of intergenerational mobility within a country (such as Chetty et al. (2014)), where
shorter time periods are used, with the importance of averaging over many years to
generate a better proxy for lifetime income (Mazumder (2005, 2016)). Child household
income is defined similarly as the average of the combined annual income of the child
and their most recently reported spouse (as at 2015) over the five years from 2011 to
2015. We examine the sensitivity of our national estimates to both of these choices.
Finally, for the purposes of defining geography for our regional estimates of mobil-
ity, children are assigned to the first geographic location associated with their primary
parent. These locations either arise from a geocoded address or a residential postcode
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for the parent. In both cases we assign children to the associated Statistical Area 4
(SA4), as defined by the Australian Bureau of Statistics, 2011. These SA4s delineate
broad labor markets, and are the closest Australian analogue to the commuting zones
of Chetty et al. (2014).
3 Methodology
In this section we describe the various measures we use for our national and regional
estimates.
3.1 Intergenerational elasticity
The intergenerational elasticity (IGE) has been the most commonly used measure of
intergenerational mobility in economics. The IGE characterizes the rate of intergen-
erational persistence in a particular outcome (measured in logs such as log income)
and one minus the IGE can be viewed as a gauge of intergenerational mobility. The
IGE is the estimate of β obtained from the following regression:
y1i = α + βy0i + εi (1)
where y1i is the log of income in the child’s generation and y0i is the log of income in
the parents’ generation.5 The estimate of β provides a measure of intergenerational
persistence in log income and 1− β can be used as a measure of mobility. A value of
0.2, for example, suggests that if the difference in income between two families is 10
per cent, in the parent generation, then on average, approximately 2 per cent of this
gap would be expected in the income of the children’s generation.6 An IGE of 0.2
would be indicative of a low degree of persistence and a fairly high degree of mobility
compared to an IGE of 0.6.
5Often the regression will include age controls but few other covariates since β is not given a causal
interpretation but rather reflects all factors correlated with parent income. We include financial year
of birth dummies to control flexibly for the age of the child when income is measured.
6Since the data is measured in logs, the difference in log income approximates the percentage
difference in income.
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3.2 Intergenerational correlation
In contrast to the IGE, the intergenerational correlation (IGC), or Pearson correlation,
is a measure of positional mobility and indicates the degree to which a child can
expect to occupy the same position in the income distribution. The IGC in income,
for example, abstracts from any changes in the variance in income across generations.
Formally, the IGE is equal to the IGC times the ratio of the standard deviation of
log income in the child’s generation to the standard deviation of log income in the
parents’ generation:
IGE = IGC
σy1
σy0
(2)
3.3 Rank-based Measures
A closely related measure to the IGC is the rank-rank slope or Spearman correlation,
which is obtained from the following regression:
r1i = α + ρr0i + εi (3)
where r1i and r0i now represent the percentile rank in income in each respective gen-
eration. In this case, ρ provides an estimate of persistence in rank position and 1− ρ
provides a measure of positional mobility. In addition to estimates of rank persis-
tence, following Chetty et al. (2014) we also use the rank-rank regression framework
to calculate expected ranks at the 25th and 75th percentiles.7 These statistics are
useful for thinking about ‘directional’ mobility. For example, if the expected rank of
individuals whose parents were at the 25th percentile is the 40th percentile then this
would suggest average upward mobility of about 15 percentiles.
A key advantage of using the rank-based measures is that when using ranks based
on the national income distribution, they can be used to make “apples to apples”
comparisons of various subgroups of the population. Most notably for our purposes,
we can compare regions within Australia to one another and be confident that our
intergenerational rank mobility estimates mean the same thing in all places.
Finally, we also produce a matrix of transition probabilities across quintiles of
the income distribution. This approach has also commonly been used to summarize
7We present these two percentiles purely for descriptive purposes. Given the rank-rank slope
and the intercept (or expected rank at any given percentile) it is of course possible to calculate the
expected rank at any percentiles of interest.
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intergenerational income mobility. Transition probabilities also provides measures of
directional mobility as well as showing how mobility may differ at different points of
the income distribution.
4 National results
We begin by showing some descriptive figures. Figure 1 plots, for each percentile in
the parent income distribution, the mean log of total income of adult children against
the mean log of total income of their parents. What is immediately evident is that
the relationship is nonlinear with a much flatter slope at lower and higher levels of
parent income and a steeper slope at the middle of the distribution. This pattern
is similar to that seen in Canada (Corak and Heisz (1999)) and the United States
(Chetty et al. (2014)), where the IGE is also highest in the interior of the income
distribution.8 The patterns in the data shown in Figure 1 suggest that in addition
to estimating the IGE which characterizes the entire distribution in one summary
statistic, it is also useful to consider how mobility might differ at different points in
the distribution, a point we return to when discussing nonlinearities and estimating
transition probabilities.
Figure 2 plots intergenerational income mobility in terms of income ranks. Work-
ing with income ranks allows us to characterize upward mobility and downward mo-
bility in a more readily interpretable way. In addition, the slope of this line, the rank-
rank slope, provides an additional measure of intergenerational persistence. Figure
2 also compares the rank-rank relationship in Australia to those in United States
and Sweden — two advanced economies with vastly different experiences of mobility
(results are from Chetty et al. (2014) and Bratberg et al. (2017)).
Consistent with the existing literature, the intergenerational relationship is more
linear in ranks than it is in log incomes (Chetty et al. (2014)), making it easier to
summarize in a single statistic. That said, there are interesting nonlinearities. In
Australia, the rank-rank slope is flatter between the 15th and 95th percentile than
it is below the 15th percentile and above the 95th percentile. A greater slope and
hence greater persistence in outcomes towards the bottom of the parent income dis-
8A similar pattern is observed through in Sweden, outside the top percentile, where the IGE again
increases Bjo¨rklund et al. (2012). A similar, though less pronounced kick up in the top percentile is
also apparent in Figure 1.
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Figure 1: Intergenerational income mobility – log of income
Notes: Chart plots the mean log child and parent total household income for each percentile of the parent income
distribution.
tribution is in fact a feature across all three countries. This may point to different
mechanisms underlying entrenched disadvantage. Similarly, Sweden has a pronounced
increase in the slope at the top of the distribution, which may again point to differ-
ent mechanisms, such as intergenerational wealth transfers (Bjo¨rklund et al. (2012)).
A comparison of the three countries suggest that expected ranks are highest for the
bottom 10 per cent and top 1 per cent in Sweden, for the lower-middle income earners
in Australia and for the upper-middle income earners in the United States. While
the mapping of ranks to actual living standards and social standing will differ across
all three countries, this highlights some nuances that can be lost in single summary
statistics.
In Table 2 we present our baseline national estimates of intergenerational income
mobility. In Panel A we consider four different measures of income: wages and salary,
all private income (including investment income), total income (including government
transfers) and disposable income (total income income minus taxes). These different
measures of income capture different concerns. Wage and salary income may be
viewed as most indicative of earnings ability as it presumably reflects productivity
8
Figure 2: Intergenerational income mobility – income ranks
Notes: Chart plots the mean child and parent total household income rank for each percentile bin of the parent income
distribution.
and excludes passive sources of income. Private or market income includes passive
sources of income as an additional mechanism by which advantage may be passed
from one generation to the next. Finally total and disposable income will result in
measures accounting for redistribution first through transfers (total income), and then
through the tax system (disposable income). Disposable income might also be most
reflective of consumption possibilities and therefore of welfare.
In column (1) we find that the estimates of the IGE range from 0.107 for wages
and salary to as high as 0.192 for private income. Our estimate for total income
is 0.185. The estimates for the IGC (Pearson correlation) shown in column (2) are
consistently lower, ranging from 0.114 to 0.159. Given the mechanical relationship
between the IGE and IGC, this implies that the variance in the income measures is
higher in the child generation than in the parent generation. The IGC abstracts from
this increase in inequality, while the IGE captures it and is higher as a consequence.
Finally, the estimates of the rank-rank slope (Spearman correlation) presented in
column (3) range from 0.186 to 0.222. Our baseline estimate for the rank-rank slope
in total income is 0.215. Across both the IGE and Spearman correlation, persistence
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Table 2: National measures of intergenerational income mobility
IGE
Pearson
correlation
Rank-based
Spearman
correlation
E[r1i|r0i =
25]
E[r1i|r0i =
75]
Panel A: Income definition
Wages 0.107 0.114 0.186 45.8 55.1
(0.001) (0.001) (0.001) (0.0) (0.0)
Private 0.192 0.150 0.222 44.8 55.9
(0.002) (0.001) (0.001) (0.0) (0.0)
Total 0.185 0.159 0.215 45.0 55.8
(0.001) (0.001) (0.001) (0.0) (0.0)
Disposable 0.175 0.148 0.211 45.1 55.7
(0.001) (0.001) (0.001) (0.0) (0.0)
Panel B: Household, own or spousal income
Women – household 0.181 0.156 0.211 46.5 57.0
(0.002) (0.002) (0.001) (0.1) (0.1)
Women – own 0.166 0.149 0.174 37.4 46.1
(0.002) (0.002) (0.001) (0.0) (0.1)
Women – spouse 0.117 0.136 0.126 55.7 62.0
(0.002) (0.002) (0.002) (0.1) (0.1)
Men – household 0.188 0.161 0.217 43.7 54.5
(0.002) (0.002) (0.001) (0.1) (0.1)
Men – own 0.181 0.159 0.209 53.4 63.8
(0.002) (0.002) (0.001) (0.1) (0.1)
Men – spouse 0.117 0.138 0.100 40.0 45.0
(0.003) (0.002) (0.001) (0.0) (0.0)
Notes: Presents estimates of five different measures of intergenerational persistence for different income definitions
and units of observation. The default is to estimate using total income at a household level for the full sample. In
Panel A we vary income only: wages income is the self- or third-party reported individual salary and wages; private
income is total income minus self- or third-party reported government payments; total income is as defined in the
text; and disposable income is taxable income minus gross tax. In Panel B we split the sample into women and men
(based on child gender) and vary whether the child’s adult household income, own income or spouse income is the
outcome of interest.
is lowest when looking purely at wages and salaries, highest when looking at all private
income and then progressively less for total and then disposable income.9 This aligns
9The elasticity estimates for wages and salaries may appear strikingly low, particularly in com-
parison to the international literature on earnings mobility. They are likely underestimates of true
persistence in earnings since labour income, for the self-employed in particular, may appear under a
number of different tax return labels. As a rough correction, if we restrict attention to those children
and parents for whom wages and salaries constituted at least 80 per cent of their total income, the
intergenerational elasticity rises from 0.107 to 0.131. A more comprehensive measure of earnings
mobility is outside the scope of this paper, but could potentially draw on the net income from
working measure that underpinned the (now abolished) Mature Age Workers Tax Offset, a targeted
Australian earned income tax credit discussed in some detail by Breunig and Carter (2018).
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with the typical effects of capital income, transfers and taxes on static measures
of inequality. These various measures however, all tell a fairly consistent story that
intergenerational persistence in Australia is quite low with estimates typically around
0.2 or lower. By way of contrast, estimates of intergenerational persistence in total
income in the United States are typically around 0.5 or higher (Mazumder (2016)).
In columns (4) and (5) we present estimates of the expected rank at the 25th and
75th percentiles to illustrate the movements in income ranks implied by the high level
of intergenerational mobility. We find that upward mobility is quite high as children
whose parents were at the 25th percentile can expect to rise nearly to the median at
the 45th percentile. Similarly those born into the 75th percentile can expect to fall to
the 56th percentile. Naturally, behind these average experiences there is a diversity
of outcomes, which we will later explore through the probabilities of transitioning
between given quintiles of the income distribution.
In Panel B we consider how the estimates differ by the gender of the child, and
whether it is the child themselves, their spouse or their combined outcomes that are
considered.10 This allows us to consider the role of household formation in driving
the results. For both women and men, measures of persistence based on individual
income are modestly lower when looking at their individual income, rather than their
household income. This gap is slightly larger for women, pointing to a slightly greater
role for household formation in driving their observed household outcomes. Nonethe-
less, the differences between the genders are mostly modest. While women have lower
expected ranks in the income distribution, the relationships between their income lev-
els and position in the income distribution and those of their parents are similar to
those of men. There is only a slightly stronger connection between parent and child
outcomes for men versus women, and the connection between parent and child spouse
outcomes are fairly similar. This finding contrasts with the United States literature,
which has found more substantial differences, with lower persistence in outcomes for
women, and driven more through household formation, though these differences tend
to be smaller in studies examining more recent birth cohorts (Chadwick and Solon
(2002); Chetty et al. (2014); Mitnik et al. (2015)).11
Finally, for robustness, we also estimated the IGE and the other parameters in
10Those without a spouse are coded as having zero spouse income, which means they are dropped
in the IGE and Pearson correlations, but included in the rank specifications.
11The most recent and precise estimates of mobility to date in Australia (Murray et al. (2018))
do not estimate mobility by gender due to sample size constraints.
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total income using several other approaches shown in Appendix Table 1. First, given
the nonlinearities at the tails of the income distribution, we produced estimates just
using the middle 80 percentiles (10th to 90th percentile). As expected based on Figures
1 and 2, this boosts our estimate of the IGE slightly higher to 0.241 and lowers our
estimate of the rank-rank correlation to 0.181. We also produce estimates where we
use inverse probability weights to account for differences in the probability that a
child is successfully linked to their parents.12 This has a relatively modest effect on
our results producing an IGE of 0.191 (up from 0.185) and a rank-rank correlation
of 0.217 (up from 0.215). Finally, we produce a set of estimates using only the links
we are most confident about, and weighting on the probability that a child has one
of these high quality parent links.13 Incorrect parent-child links may be expected to
bias down our mobility estimates, but again the changes are relatively modest and in
varying directions, with the IGE rising to 0.195 but the rank-rank correlation falling
to 0.208.
As noted earlier, one disadvantage of summary statistics of intergenerational in-
come mobility is the loss of finer detail about underlying movements. A world in
which all children born into the 25th percentile end up at the 45th percentile is very
different from one where this is simply the average across outcomes that span the full
income distribution. A common way to capture this nuance is to examine transition
probabilities. Table 3 presents the probability a child born into a given quintile of
the parent income distribution transitions to each quintile in the child adult income
distribution. While the most common outcome is that a child stays in the same quin-
tile they were born into, there are large proportions moving both up, and down. The
transition probability of 12.3 per cent from the bottom quintile to the top quintile
again marks Australia out as among the most mobile of the advanced economies. An
Australian child born into the bottom quintile is over 60 per cent more likely to reach
the top quintile than a child born in the United States (where the transition prob-
12To do this we first calculate the percentile income ranks for all children, including those not
linked to parents. We then calculate for each percentile bin the proportion of children who are
linked to parents. The inverse of this provides the weight for the subsequent regressions. More
complex approaches are possible, accounting for a wider set of potential covariates (for example,
sex and location). However, this risks a false sense of precision given the inability to weight on the
(unobserved) joint distribution of child and parent incomes, and given this limitation we have not
conducted further weighting exercises.
13The ATO data includes a variable that captures the quality of the parent-child link on the
interval [0,1]. We include only those links for which this is 0.95 or greater, which drops around 10
per cent of the sample.
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ability is 7.5 per cent). Further, while Denmark has more mobility than Australia
as measured by a rank-rank slope of 0.180 relative to 0.215, they have less upward
mobility on this measure with a probability of transition from the bottom to the top
quintile of 11.7 per cent (Boserup et al. (2013)).
Table 3: Intergenerational transition matrix
Parent quintile
1 2 3 4 5
Child quintile
5 12.3 15.9 18.6 22.5 30.7
4 15.5 19.0 21.1 22.6 21.9
3 18.5 21.1 21.5 21.0 18.0
2 22.7 22.3 20.9 18.7 15.4
1 31.0 21.8 18.0 15.3 14.0
Notes: Shows the per cent frequency with which a child with parents in a given income quintile (column) ends up in
given income quintile (row) themselves. The main diagonal is shaded grey, with figures in bold.
5 Sensitivity to the age and window of income ob-
servation
As the intergenerational literature has evolved, increasing attention has been paid
to the importance of the length of time and ages over which incomes are observed.
Intergenerational mobility can be greatly overstated if measured over too short a
period, or too early or late in the lifecycle (Solon (1992); Mazumder (2005); Haider
and Solon (2006)).
In Figures 3a and 3b we show the influence of the age and window over which
parent and child incomes are measured for the IGE and the rank-rank correlation.
Each series is centered on a given year of observation, with the length of the window of
observation increasing along the x axis. By centering on a given year of observation,
we fix the average age at which child or parent income is measured, allowing us to
consider the influence of age and window width separately. A number of observations
can be made.
First, persistence is higher when income is measured in mid-to-late working life.
For children, measuring income in a window centered later in life (in their 30s in this
case) yields notably higher measures of persistence. For parents, measuring income
in a window centered on their late 40s to early 50s produces the highest measures
of persistence. This latter result contrasts slightly with international findings that
13
have suggested measuring earnings at slightly earlier ages. For example, Mazumder
(2005) notes that from the late 40s incomes tend to become more volatile, introducing
a potential downward bias to measures of persistence. However, such findings are
typically for much earlier birth cohorts, and the results here may be consistent with
the extension of working lives. In addition, unlike most detailed examinations of
attenuation and life-cycle biases, we present results based on both parents’ incomes
— not just fathers. The incomes of women later in life may well be a better reflection
of the endowments passed on to their children than those earlier in their working lives
when child care may limit their labor force participation.
Second, persistence is higher when income is observed over a longer period of
time. While this is particularly true for parents, it also holds for children, pointing to
the existence of non-classical measurement error (Nybom and Stuhler (2017)).14 It
remains common for mobility studies to concern themselves primarily with the length
of time over which parent incomes are observed, and the age at which child incomes
are observed. The results in Figures 3a and 3b suggest the influence of length and
age should be examined thoroughly for both generations.
Finally, comparing the two measures reveals some interesting differences. As has
been noted in past work, the rank-rank correlation is less sensitive to the age and
window over which incomes are measured (Mazumder (2016); Nybom and Stuhler
(2017)). However, when faced with the trade-off between age of measurement and
window width, the rank-rank correlation tends to rise more with window width —
the rank-rank correlation is greatest when parent income is measured over the full
25 years, even though the average parental age will be 63 at the end of this window.
Similarly, the rank-rank correlation is greatest when child income is measured over 9
years, even though this includes incomes observed in their 20s. On the other hand,
the intergenerational elasticity estimates are greatest for somewhat shorter windows
that are centered closer to the middle of parent and child working lives.
A remaining concern regarding our national estimates may be that while the indi-
vidual potential biases may be small, their cumulative effect may be more significant.
In Appendix Table 2, we present a set of ‘conservative’ estimates, where we measure
parent income over the full 25 years (centered on an average age of 51) and child
income over 9 years (centered on an average age of 31) as well as weighting for the
14As classical measurement error in the left hand side variable would not bias the estimated
coefficients.
14
Figure 3a: Lifecycle and attenuation biases in the IGE
Figure 3b: Lifecycle and attenuation biases in the rank-rank correlation
Notes: Presents estimates of the IGE and rank-rank correlation, varying the center year and width (in years) over
which parent or child log incomes or income ranks are observed. The corresponding average ages of the parents and
children are shown in brackets.
probability of inclusion in the sample and, in the second row, using only the highest
quality links. We also repeat this exercise with the slightly smaller windows, and
ages closer to the mid-life, that appear better suited to the IGE. The IGE estimates
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range from 0.188 to 0.210 (compared to 0.185 in Table 2), while the rank-rank corre-
lation ranges from 0.220 to 0.232 (compared to 0.215 in Table 2). Once again, these
estimates place Australia among the most mobile advanced economies.
It is worth noting that our estimated levels of persistence are somewhat less than
the current benchmark estimates for Australia. Murray et al. (2018) estimate an
intergenerational elasticity of 0.28 (s.e. 0.05) and a rank-rank correlation of 0.27 (s.e.
0.05) using the Household Income and Labour Dynamics in Australia (HILDA) sur-
vey. They note their elasticity estimate in particular is likely biased down as parent
income is only observed over five years. These are the first direct estimates of in-
tergenerational mobility in Australia and improve upon earlier estimates for which
parent income had to be imputed (Leigh (2007); Mendolia and Siminski (2016)).
Nonetheless, the estimates remain imprecise and subject to potentially complex at-
trition biases. For example, it is plausible that more mobile children — be it upwardly
or downwardly mobile — are more likely to be lost in surveys, which would bias up-
wards the estimated persistence. For these reasons, at a minimum, we favor using
our estimates when comparing Australia to other countries’ mobility estimates based
on administrative data.15 It would be useful for future research to better explore
the differences between estimates produced using survey and administrative data in
Australia.
6 Regional estimates
We now present the first regional, rather than purely national, estimates of inter-
generational mobility for Australia. Variations in intergenerational mobility within
nations are increasingly used in the broader literature as a means of shining a light
on potential mechanisms underlying intergenerational mobility — for example, in the
work of Chetty et al. (2014) and Davis and Mazumder (2018) for the United States;
Gu¨ell et al. (2018) for Italy and Bu¨tikofer et al. (2018) for Norway.
In this section we focus on two measures of intergenerational mobility — the rank-
rank slope and the expected rank at the 25th percentile. Appendix Table 3 presents
these estimates for all 87 Australian regions, alongside the sample size, estimates of
the intergenerational elasticity and transition probability from the bottom to the top
15We are not aware of any systematic comparison of mobility estimates derived from survey data
with estimates derived from administrative data.
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quintile. In future work, we will consider a still broader set of mobility measures.
Figure 4: Distribution of intergenerational mobility measures across regions in Aus-
tralia and the United States
Notes: Presents estimates of the expected rank, conditional on being born into the 25th percentile of the national
parent income distribution, against the rank-rank correlation for similarly-sized regions in Australia (87 regions) and
the United States (741 regions). A scatter plot of the joint distribution and histograms of the individual distributions
of the two intergenerational mobility measures are shown.
Figure 4 presents three charts characterising intergenerational mobility for regions
in Australia (shown in green) and the United States (shown in black, and based on
Chetty et al. (2014)). The central chart shows a scatter plot of the expected rank of
a child born to parents at the 25th percentile of the income distribution against the
rank-rank correlation in the region. These two measures are positively correlated in
both countries. In the histograms we show the dispersion in the individual measures.
While there is a notable dispersion in the Australian estimates, it is much less than
that seen in the United States. For example, a child born to parents at the 25th
percentile in a mobile Australian region (at the 90th percentile of regions ranked by
mobility) can expect to end up only 8 percentile rank points higher than if they were
born in an immobile Australian region (at the 10th percentile of regions). For the
United States, the gap in expected outcomes for a poor child between high and low
mobility regions is nearly double this, at 15 percentile rank points.
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The fact that there is less variation in mobility within Australian than within
the United States is perhaps unsurprising for two reasons. First, Australia is a more
centralised federation than the United States, with less geographic variation in policies
that might influence mobility. Second, Australia’s high level of mobility may mean
more regions are near upper bounds on mobility determined by factors such as levels
of assortative mating and skills transmission. This latter possibility is the histogram
of the rank-rank slopes accompanying Figure 4, where there appears to be a missing
left tail of regions where the rank-rank slope is in the low 0.10s.
Finally, Figure 5 maps intergenerational mobility for Australia and its two largest
cities — Sydney and Melbourne. Once again we can see variation in the estimates,
within the nation and the cities, though there appears to be less dispersion in mobility
within Melbourne. An interesting set of contrasts between the two maps are the high
expected ranks for children from poor families in some regional areas of Queensland
and Western Australia that have fairly unexceptional rank-rank mobility.16 This
likely reflects the influence of the mining boom driving strong local labour markets
in these regions over the period of observation. Norwegian research has shown that
resource shocks can improve outcomes for children for poor families (Bu¨tikofer et al.
(2018)). A similar mechanism, but potentially more transient, may well be at play
here.
What then will we be able to learn about intergenerational mobility from varia-
tions across Australian regions? A threshold question is the extent to which these
variations arise from the influences of the regions themselves versus simple differences
in the types of families that live there. Deutscher (2018) replicates and extends the
work of Chetty and Hendren (2018) in the Australian setting, finding that most of
the differences in mobility across Australian regions is indeed causal. A child moving
at birth between two Australian regions can expect to pick up around 70 per cent
of the gap between the outcomes of permanent residents of those regions who have
the same birth cohort and parent income rank. Further analysis of the regional es-
timates presented here may thus shed helpful light on the mechanisms underlying
intergenerational mobility.
16Apparent in the South Western and North Eastern corners of Australia.
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Figure 5: Maps of intergenerational mobility within Australia and its two largest
cities
Notes: Presents estimates of the of the expected rank, conditional on being born into the 25th percentile of the
national parent income distribution and the rank-rank correlation across Australian regions, including within the two
largest cities, Sydney and Melbourne.
7 Conclusions
Intergenerational mobility is of key interest to policy-makers in Australia and beyond
— it motivates many public policies, and has been thrown into sharp relief in the face
of rising inequality. A new Australian evidence base aids domestic policy-makers; and
it adds to the international literature by presenting a detailed picture of intergener-
ational mobility in a country with different demographics, institutions and economic
circumstances.
We present the most precise and comprehensive set of estimates of intergenera-
tional income mobility for Australia to date. Australia emerges as one of the most
mobile of the advanced economies — not far off Nordic levels of mobility despite a
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much smaller welfare state. Having a parent 10 percentile rank points higher in the
income distribution increases your expected rank by a little over 2 percentile rank
points. This relationship is a little more pronounced at the bottom 15 per cent of
the parent income distribution, possibly reflecting different transmission mechanisms
behind entrenched disadvantage.
Finally, we examine differences in mobility across regions in Australia. While
Australia has much less dispersion in mobility relative to the United States, differences
still emerge, both within the country and individual cities. Both macroeconomic and
more finely-grained factors appear to be in play. For example, the mining boom
appears to have lifted the expected ranks of children in resource-rich states. But even
within individual cities, such as Sydney, regions with measures of mobility at either
end of the Australian experience sit alongside one another.
Since the turn of the century, the intergenerational mobility literature has devoted
considerable attention to understanding the causal mechanisms that may underlie per-
sistence in economic outcomes (Black and Devereux (2011)). This paper presents a
new Australian evidence base, with a set of estimates robust to traditional measure-
ment concerns. In doing so, it provides a further example of substantial intergenera-
tional mobility outside the Nordic countries, and provides a new source of variation
to exploit in studies seeking to understand the mechanisms behind intergenerational
mobility.
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A Additional tables
Table A.1: National measures of intergenerational income mobility — robustness
IGE
Pearson
correlation
Rank-based
Spearman
correlation
E[r1i|r0i =
25]
E[r1i|r0i =
75]
Middle 80% 0.241 0.195 0.181 46.2 55.2
(0.002) (0.002) (0.001) (0.0) (0.0)
747,000 747,000 772,600 772,600 772,600
Weighted 0.191 0.165 0.217 43.8 54.6
(0.001) (0.001) (0.001) (0.0) (0.0)
900,700 900,700 965,700 965,700 965,700
Highest quality links 0.195 0.161 0.208 44.0 54.4
(0.002) (0.001) (0.001) (0.0) (0.0)
807,700 807,700 855,100 855,100 855,100
Notes: Presents estimates of five different measures of intergenerational persistence varying the sample only: having
first calculated income ranks, log income and normalized log income, we: restrict estimation to children from the
middle 80% of the parent income distribution; weight children by the inverse of the probability that a child at the
same percentile rank in the child income distribution is linked to parents; and restrict estimation to children with the
highest quality links, where the primary parent’s predicted probability of being a parent is at least 0.95, and weight
children by the inverse of the probability that a child at the same percentile rank in the child income distribution is
linked to such parents.
Table A.2: National measures of intergenerational income mobility — conservative
IGE
Pearson
correlation
Rank-based
Spearman
correlation
E[r1i|r0i =
25]
E[r1i|r0i =
75]
Panel A: Conservative rank-rank windows
Weighted 0.188 0.173 0.232 43.4 55.0
(0.001) (0.001) (0.001) (0.0) (0.0)
Highest quality links 0.205 0.180 0.225 42.5 53.7
(0.002) (0.001) (0.001) (0.0) (0.0)
Panel A: Conservative IGE windows
Weighted 0.198 0.169 0.227 43.5 54.9
(0.001) (0.001) (0.001) (0.0) (0.0)
Highest quality links 0.210 0.172 0.220 42.5 53.5
(0.002) (0.001) (0.001) (0.0) (0.0)
Notes: Presents estimates of five different measures of intergenerational persistence varying both the sample and the
window over which income is observed. Panel A presents estimates based on windows of observation of: 25 years for
parents, centered in 2003 and implying an average age of 51 years; and 9 years for children, centered at in 2011 and
implying an average age of 31 years. Panel B presents estimates based on windows of observation of: 15 years for
parents, centered in 1998 and implying an average age of 46 years; and 5 years for children, centered at in 2013 and
implying an average age of 33 years.
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Table A.3: Regional estimates of intergenerational income mobility
SA4 code SA4 name
Number of
children
Mobility metric
IGE
Spearman
correlation
E[r1i
|r0i = 25]
P [r1i > 80
|r0i ≤ 20]
101 Capital Region 8,800 0.173 0.198 45.3 10.9
(0.015) (0.011) (0.4)
102 Central Coast 13,800 0.164 0.182 43.8 11.0
(0.011) (0.009) (0.3)
103 Central West 10,500 0.196 0.208 46.4 12.3
(0.013) (0.010) (0.4)
104 Coffs Harbour - Grafton 6,800 0.160 0.190 43.6 10.4
(0.016) (0.013) (0.4)
105 Far West and Orana 6,600 0.210 0.260 42.7 10.7
(0.017) (0.012) (0.4)
106 Hunter Valley exc Newcastle 12,200 0.205 0.242 46.3 13.2
(0.014) (0.009) (0.4)
107 Illawarra 14,600 0.182 0.219 45.1 13.1
(0.012) (0.008) (0.3)
108 Mid North Coast 9,600 0.178 0.234 42.6 9.2
(0.013) (0.011) (0.3)
109 Murray 6,000 0.176 0.194 45.2 10.3
(0.017) (0.013) (0.4)
110 New England and North West 9,800 0.182 0.219 43.9 9.2
(0.013) (0.010) (0.3)
111 Newcastle and Lake Macquarie 17,400 0.174 0.210 45.7 11.6
(0.011) (0.007) (0.3)
112 Richmond - Tweed 10,700 0.167 0.206 42.4 9.7
(0.012) (0.010) (0.3)
113 Riverina 8,700 0.208 0.220 44.3 8.6
(0.015) (0.011) (0.4)
114 Southern Highlands and Shoalhaven 6,200 0.150 0.182 43.8 12.6
(0.016) (0.013) (0.4)
115 Sydney - Baulkham Hills and Hawkesbury 10,200 0.173 0.177 49.2 18.3
(0.013) (0.010) (0.5)
116 Sydney - Blacktown 14,000 0.191 0.240 42.3 9.7
(0.012) (0.008) (0.3)
117 Sydney - City and Inner South 5,500 0.173 0.199 41.4 11.7
(0.017) (0.013) (0.4)
118 Sydney - Eastern Suburbs 7,300 0.189 0.216 44.2 17.3
(0.014) (0.012) (0.5)
119 Sydney - Inner South West 21,700 0.206 0.257 42.7 12.9
(0.009) (0.006) (0.2)
120 Sydney - Inner West 8,200 0.178 0.178 45.1 14.4
(0.014) (0.011) (0.4)
121 Sydney - North Sydney and Hornsby 13,800 0.175 0.193 47.3 19.7
(0.011) (0.009) (0.5)
122 Sydney - Northern Beaches 9,900 0.151 0.168 46.1 16.1
(0.014) (0.010) (0.5)
123 Sydney - Outer South West 13,900 0.211 0.235 43.6 11.5
(0.013) (0.008) (0.3)
124 Sydney - Outer West and Blue Mountains 17,500 0.148 0.169 45.8 13.9
(0.011) (0.008) (0.3)
125 Sydney - Parramatta 15,900 0.229 0.270 43.3 11.2
(0.011) (0.007) (0.3)
126 Sydney - Ryde 6,300 0.162 0.172 48.8 19.5
(0.017) (0.013) (0.6)
127 Sydney - South West 14,300 0.143 0.211 43.8 12.0
(0.010) (0.008) (0.3)
128 Sydney - Sutherland 11,300 0.196 0.188 48.5 16.7
(0.014) (0.010) (0.5)
201 Ballarat 7,500 0.175 0.187 43.4 9.2
(0.016) (0.012) (0.4)
202 Bendigo 7,200 0.154 0.201 43.4 9.2
(0.015) (0.012) (0.4)
25
Table A.4: Regional estimates of intergenerational income mobility (cont.)
SA4 code SA4 name
Number of
children
Mobility metric
IGE
Spearman
correlation
E[r1i
|r0i = 25]
P [r1i > 80
|r0i ≤ 20]
203 Geelong 12,600 0.147 0.171 44.1 9.9
(0.012) (0.009) (0.3)
204 Hume 8,600 0.168 0.188 43.8 9.4
(0.015) (0.011) (0.4)
205 Latrobe - Gippsland 14,100 0.147 0.184 45.5 12.6
(0.011) (0.009) (0.3)
206 Melbourne - Inner 11,600 0.176 0.213 40.4 9.9
(0.012) (0.009) (0.3)
207 Melbourne - Inner East 14,500 0.181 0.194 45.9 16.9
(0.011) (0.008) (0.4)
208 Melbourne - Inner South 13,700 0.177 0.197 44.1 13.0
(0.011) (0.008) (0.4)
209 Melbourne - North East 21,100 0.178 0.196 43.9 11.2
(0.010) (0.007) (0.3)
210 Melbourne - North West 14,700 0.188 0.205 43.1 10.8
(0.011) (0.008) (0.3)
211 Melbourne - Outer East 28,100 0.163 0.175 45.1 12.0
(0.009) (0.006) (0.2)
212 Melbourne - South East 26,200 0.155 0.195 43.6 11.6
(0.008) (0.006) (0.2)
213 Melbourne - West 22,500 0.141 0.189 43.0 9.9
(0.009) (0.007) (0.2)
214 Mornington Peninsula 12,200 0.186 0.192 42.4 9.9
(0.013) (0.009) (0.3)
215 North West 8,000 0.195 0.229 43.5 8.6
(0.017) (0.011) (0.4)
216 Shepparton 7,100 0.170 0.197 43.4 8.6
(0.016) (0.012) (0.4)
217 Warrnambool and South West 7,100 0.164 0.174 45.3 9.8
(0.017) (0.012) (0.4)
301 Brisbane - East 9,000 0.143 0.179 47.1 11.8
(0.015) (0.011) (0.4)
302 Brisbane - North 8,000 0.203 0.220 47.3 15.0
(0.017) (0.012) (0.4)
303 Brisbane - South 11,800 0.179 0.222 46.6 14.0
(0.012) (0.009) (0.4)
304 Brisbane - West 7,700 0.166 0.185 49.2 18.7
(0.016) (0.012) (0.6)
305 Brisbane Inner City 5,300 0.183 0.201 45.8 15.6
(0.018) (0.014) (0.6)
306 Cairns 9,500 0.213 0.254 42.5 11.4
(0.012) (0.010) (0.4)
307 Darling Downs - Maranoa 5,700 0.165 0.229 47.1 12.4
(0.016) (0.014) (0.4)
308 Fitzroy 10,800 0.200 0.220 50.9 18.8
(0.015) (0.010) (0.4)
309 Gold Coast 13,800 0.163 0.182 43.4 11.2
(0.011) (0.009) (0.3)
310 Ipswich 11,300 0.162 0.216 44.6 10.8
(0.013) (0.010) (0.3)
311 Logan - Beaudesert 15,000 0.174 0.218 44.0 9.9
(0.011) (0.008) (0.3)
312 Mackay 8,200 0.172 0.184 53.4 20.3
(0.015) (0.011) (0.5)
313 Moreton Bay - North 8,500 0.157 0.214 44.4 9.9
(0.014) (0.011) (0.3)
314 Moreton Bay - South 7,100 0.177 0.182 48.1 13.6
(0.020) (0.013) (0.5)
315 Queensland - Outback 3,800 0.270 0.319 42.7 11.3
(0.021) (0.016) (0.6)
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Table A.5: Regional estimates of intergenerational income mobility (cont.)
SA4 code SA4 name
Number of
children
Mobility metric
IGE
Spearman
correlation
E[r1i
|r0i = 25]
P [r1i > 80
|r0i ≤ 20]
316 Sunshine Coast 10,600 0.143 0.175 44.6 12.3
(0.014) (0.011) (0.3)
317 Toowoomba 7,300 0.161 0.191 47.7 13.4
(0.016) (0.012) (0.4)
318 Townsville 10,300 0.210 0.225 46.9 14.1
(0.015) (0.010) (0.4)
319 Wide Bay 12,300 0.176 0.226 47.0 12.4
(0.011) (0.010) (0.3)
401 Adelaide - Central and Hills 11,400 0.180 0.187 45.3 12.9
(0.013) (0.009) (0.4)
402 Adelaide - North 19,700 0.184 0.233 42.0 8.2
(0.009) (0.007) (0.2)
403 Adelaide - South 17,700 0.177 0.204 43.9 10.7
(0.010) (0.008) (0.3)
404 Adelaide - West 9,000 0.174 0.240 41.8 9.5
(0.013) (0.010) (0.3)
405 Barossa - Yorke - Mid North 4,800 0.145 0.213 43.7 8.0
(0.018) (0.015) (0.5)
406 South Australia - Outback 4,800 0.224 0.227 45.1 11.4
(0.026) (0.014) (0.5)
407 South Australia - South East 7,600 0.191 0.215 42.0 7.6
(0.017) (0.012) (0.4)
501 Bunbury 6,800 0.190 0.230 51.0 17.2
(0.016) (0.013) (0.5)
502 Mandurah 2,500 0.154 0.227 52.5 21.8
(0.023) (0.022) (0.8)
503 Perth - Inner 5,000 0.159 0.183 51.1 22.5
(0.016) (0.014) (0.7)
504 Perth - North East 8,700 0.158 0.188 50.6 20.2
(0.015) (0.012) (0.4)
505 Perth - North West 20,000 0.182 0.202 50.6 19.3
(0.009) (0.007) (0.3)
506 Perth - South East 19,000 0.175 0.192 50.4 19.0
(0.010) (0.008) (0.3)
507 Perth - South West 13,000 0.181 0.204 50.9 18.5
(0.011) (0.009) (0.4)
508 Western Australia - Outback 9,700 0.258 0.273 46.9 15.5
(0.015) (0.011) (0.5)
509 Western Australia - Wheat Belt 6,200 0.204 0.241 48.7 16.9
(0.018) (0.014) (0.5)
601 Hobart 11,800 0.229 0.259 40.5 8.1
(0.015) (0.009) (0.3)
602 Launceston and North East 7,700 0.161 0.222 42.6 8.2
(0.014) (0.011) (0.4)
603 South East 1,400 0.192 0.184 43.0 6.8
(0.036) (0.029) (0.8)
604 West and North West 7,300 0.158 0.181 44.6 9.6
(0.016) (0.012) (0.4)
701 Darwin 5,300 0.181 0.199 47.0 16.4
(0.019) (0.013) (0.6)
702 Northern Territory - Outback 2,500 0.267 0.283 40.5 7.2
(0.027) (0.019) (0.8)
801 Australian Capital Territory 18,000 0.184 0.191 48.5 16.7
(0.011) (0.008) (0.4)
Notes: Presents estimates of intergenerational mobility for those born in Australia in the 1978-82 financial years. Parent household
total pretax incomes are measured from 1991-2001, while the total household incomes of the adult children are measured from 2011-15.
Sample sizes rounded to the nearest 100 and standard errors in parentheses.
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B Robustness of key measures to treatment of miss-
ing values
In this Appendix, we examine the sensitivity of our national measures of intergener-
ational mobility to the treatment of missing values — years in which child or parent
incomes are not observed. Recent work has noted the sensitivity of the intergenera-
tional elasticity to such assumptions, citing it as partial justification for adopting new
measures of intergenerational mobility. For example, Chetty et al. (2014) promotes
the rank-rank slope while Mitnik et al. (2015) proposes a new elasticity measure,
which we also present here. There are many potential ways to treat missing values
in income data. We consider the following:
• Imputing $1 to all missing values
• Imputing $1, 000 to all missing values
• Imputing $10, 000 to all missing values
• Dropping annual missing values
• Dropping lifetime missing values
Recent concerns have been in the context of missing values for child income, so we
begin by applying these transformations to missing values in the child and child’s
spouse income histories (Panel A). However, we go on to apply the same transforma-
tions to missing values in the parents’ income histories (Panel B) and both child and
parents histories (Panel C). In all cases we apply the same treatments to negative
income, though negative incomes are sufficiently rare that this does not influence the
conclusions drawn.
Table B.1 presents the results from this exercise. As expected, the intergenera-
tional elasticity and correlation are much more sensitive to the treatment of zeroes
than the rank based mobility measures, across all panels. However, when only con-
cerned with child household missing values, this sensitivity is greatly reduced when
imputations are restricted to more plausible values. For example, it is difficult to
imagine a situation in which it is appropriate to impute an income of $1 — reason-
able imputed values for earnings capacity, subsistence income or similar would likely
be much higher. Strikingly, Panels B and C show that the elasticity estimates are
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even more sensitive when missing values in parent income are also treated. This is
true even for the IGE measure proposed by Mitnik et al. (2015), which is robust to
the treatment of missing values in the child generation.
Table B.1 provides an important caveat on the IGE and Pearson correlation mea-
sures. That said, the range of values apparent still mark Australia out as a particularly
mobile advanced economy. The exercises also highlight the potential importance of
missing values in parent income histories, as well as those in child income histories.
An assessment of the most appropriate treatment of these missing values is well be-
yond the scope of this paper. Such an exercise would need to include an assessment of
the underlying processes generating missing values. For example, missing values aris-
ing from unemployment, caring responsibilities or emigration may differ substantially
in the information they carry about expected lifetime incomes.
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Table B.1: National measures of intergenerational income mobility
IGE IGE-Mitnik
Pearson
correlation
Rank-based
Spearman
correlation
E[r1i|r0i =
25]
E[r1i|r0i =
75]
Panel A: Child missing values
Impute $1 0.26 0.17 0.12 0.22 45.0 55.7
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Impute $1k 0.20 0.17 0.17 0.22 45.0 55.7
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Impute $10k 0.17 0.16 0.18 0.22 45.0 55.7
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Drop annual 0.17 0.16 0.17 0.22 44.9 55.8
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Drop lifetime 0.19 0.16 0.16 0.22 44.9 55.8
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Panel B: Parent missing values
Impute $1 0.07 0.07 0.13 0.22 45.0 55.8
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Impute $1k 0.17 0.15 0.15 0.22 45.0 55.8
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Impute $10k 0.26 0.22 0.16 0.21 45.1 55.7
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Drop annual 0.22 0.20 0.14 0.18 46.4 55.5
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Drop lifetime 0.19 0.17 0.16 0.20 46.0 55.8
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Panel C: Child and parent missing values
Impute $1 0.12 0.07 0.16 0.22 45.0 55.7
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Impute $1k 0.19 0.15 0.23 0.22 45.0 55.7
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Impute $10k 0.24 0.21 0.22 0.21 45.0 55.7
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Drop annual 0.21 0.19 0.15 0.19 46.1 55.7
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Drop lifetime 0.19 0.16 0.16 0.20 45.8 55.9
(0.00) (0.00) (0.00) (0.00) (0.0) (0.0)
Notes: Presents estimates of intergenerational mobility for those born in Australia in the 1978-82 financial years.
Parent household total pretax incomes are measured from 1991-2001, while the total household incomes of the adult
children are measured from 2011-15. Each row applies a different treatment to missing values, either imputing a value
to them, dropping them or treating them as zeroes and dropping only lifetime zeroes. Standard errors in parentheses.
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